In-vivo foliar spectroscopy, also known as contact hyperspectral reflectance, enables rapid and non-destructive characterization of plant physiological status. This can be used to assess pathogen impact on plant condition both prior to and after visual symptoms appear. Challenging this capacity is the fact that dead tissue yields relatively consistent changes in leaf optical properties, negatively impacting our ability to distinguish causal pathogen identity. Here, we used in-situ spectroscopy to detect and differentiate Phytophthora infestans (late blight) and Alternaria solani (early blight) on potato foliage over the course of disease development and explored non-destructive characterization of contrasting disease physiology. Phytophthora infestans, a hemibiotrophic pathogen, undergoes an obligate latent period of two-seven days before disease symptoms appear. In contrast, A. solani, a necrotrophic pathogen, causes symptoms to appear almost immediately when environmental conditions are conducive. We found that respective patterns of spectral change can be related to these differences in underlying disease physiology and their contrasting pathogen lifestyles. Hyperspectral measurements could distinguish both P. infestans-infected and A. solani-infected plants with greater than 80% accuracy two-four days before visible symptoms appeared. Individual disease development stages for each pathogen could be differentiated from respective controls with 89-95% accuracy. Notably, we could distinguish latent P. infestans infection from both latent and symptomatic A. solani infection with greater than 75% accuracy. Spectral features important for late blight detection shifted over the course of infection, whereas spectral features important for early blight detection remained consistent, reflecting their different respective pathogen biologies. Shortwave infrared wavelengths were important for differentiation between healthy and diseased, and between pathogen infections, both pre-and post-symptomatically. This proof-of-concept work supports the use of spectroscopic systems as precision agriculture tools for rapid and early disease detection and differentiation tools, and highlights the importance of careful consideration of underlying pathogen biology and disease physiology for crop disease remote sensing.
Introduction
Plant disease destroys 15-30% of all food grown globally, a loss of roughly $220 billion annually [1] . In recent years, there has been an increasing trend towards using non-destructive, sensor-based methods for crop disease detection as part of a global movement towards precision agriculture practices [2] . Dead tissue yields relatively consistent changes in leaf optical properties, which presents challenges to distinguishing causal plant pathogen identity using symptomatic plant tissue rather than traditional molecular or serological methods. This limitation negatively impacts the utility of remote sensing for effective plant disease management. The capacity to non-destructively identify causal organisms as opposed to disease/no-disease would represent a great improvement on current commercially available disease sensing systems that rely primarily on visible (VIS, 400-700 nm) and near-infrared (NIR, 700-1000 nm) reflectance indices, such as normalized difference vegetation index (NDVI), to detect advanced, rather than early (non-visual), stages of plant disease.
Reflectance spectroscopy has emerged as an effective approach for fast, non-destructive estimation of a wide variety of plant chemical, biophysical, and metabolic traits in living tissue [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] . This methodology utilizes changes in leaf optical properties arising from the interaction of light, chemical bonds, and cellular structure to directly estimate foliar structure, plant chemical composition, water concentration, and metabolic status from reflectance measurements in the VIS, NIR, and shortwave infrared wavelengths (SWIR, 1000-2500 nm) [3] . Such work has commonly employed handheld, hyperspectral field spectrometers that measure light reflectance continuously across the VSWIR (collectively 350-2500 nm) spectral range at 3-8 nm resolution. These measurements differ from broadband, multispectral devices, and cameras by covering a larger spectral range at narrower intervals. Changes in reflectance in the VIS range is mainly influenced by pigment concentration and photosynthesis. In contrast, changes in the NIR result from leaf structure and internal light scattering processes [15] , while SWIR measurements are strongly influenced by leaf chemical composition and water content [3] .
Plant disease induces physiological changes that influence plant energy balance and how solar radiation interacts with foliage. In addition to modifications to tissue color, disease can affect a variety of traits that can be remotely sensed, such as leaf shape, transpiration rate, canopy morphology, canopy density, foliar chemistry, and water content [16] . Changes in continuous, narrowband (i.e., 1-10 nm wavelength spacing) SWIR wavelengths are valuable for plant disease detection due to their sensitivity to a range of biochemical and physiological properties impacted by plant disease [3, 5, 17] . Plant pathogens damage, impair, and/or alter foliar function [16] , thus changing the chemical composition of the foliage, such as through production of systemic effectors or secondary metabolites, or by physical presence of pathogen structures, such as hyphae and spores, which can be detected using spectral data [2, 17] . The use of hyperspectral VSWIR measurements allows us to non-destructively assess both the broad and specific impacts of plant pathogens on plant chemistry, physiology, and morphology [18] [19] [20] [21] [22] [23] .
Together, late blight and early blight are the most important diseases of potato, and account for the vast majority of disease management effort and cost in temperate growing regions [24] . Late blight is caused by the oomycete plant pathogen Phytophthora infestans (Mont.) deBary, a plant disease notorious for giving rise to the Irish Potato Famine of the 1840s in which nearly a million people died and two million emigrated [25] . Late blight causes $6.7 billion in losses annually, making it one of the most destructive potato (Solanum tuberosum L.) and tomato (Solanum lycoperscium L.) diseases worldwide [26] . Phytophthora infestans can cause disease symptoms on almost all potato and tomato plant parts at any point during the growing season, including post-harvest [16] . As a hemibiotrophic organism, P. infestans spends the initial stage of its life cycle living inter-and intracellularly feeding on living cells, then switches to a necrotrophic lifestyle. Visual symptoms do not appear until after the Remote Sens. 2020, 12, 286 3 of 21 pathogen lifestyle switch, which typically occurs at two days post-infection; after this time, very small areas of necrotic lesions become visible [27] . The latent period is generally considered to be 7-10 days, although under optimal conditions, it can be as few as 2-4 days. Once formed, lesions can produce up to~300,000 sporangia per lesion per day [27] . These sporangia create substantial risk for spread by wind and rain splash within and between susceptible potato and tomato fields.
Early blight of potato is caused by Alternaria solani and is a perennial disease concern across temperate potato-growing regions. Typically, foliar lesions and chlorosis first appear in the Northern Hemisphere in early July and persist until harvest. Lesions are initially small and dark brown in color. As disease progresses, lesions enlarge and coalesce with notable "bulls-eye" rings. Early blight can result in yield loss up to 30% annually and impacts both potato quality and storability [28, 29] . In contrast to P. infestans, Alternaria solani is an asexual, necrotrophic fungus dispersed by wind and rain splash. Alternaria species are known for toxin production, which negatively impacts cell structure and facilitates pathogen invasion and establishment [30] . Because both pathogens occur almost annually in all temperate growing regions and both cause necrotic leaf symptoms, it is essential to be able to distinguish disease caused by A. solani from that caused by P. infestans because of differences in management response. Accurate early detection of these diseases could significantly reduce chemical input, and positively impact both the financial and environmental sustainability of potato production.
Pre-symptomatic disease detection using spectroscopic methods is a rapidly advancing frontier in plant pathology [18, 19, [31] [32] [33] [34] [35] . Symptomatic late and early blight detection has been previously established with a range of broad-band optical sensors [36] [37] [38] [39] [40] [41] [42] [43] , though none have explored pre-symptomatic detection and importantly, differentiation, using narrowband SWIR features. As well, foundational leaf-level work is needed to assess the potential for spaceborne imaging spectroscopy for disease differentiation. The goal of this study was to (1) use contact spectroscopy to pre-symptomatically detect and differentiate between early blight and late blight in potato foliage and (2) associate respective foliar spectral profiles to the underlying, differing, pathogen biology and disease physiology.
Materials & Methods

Plant & Pathogen Materials
Pathogen free 'Katahdin' potatoes were grown for four weeks from tissue culture cuttings in a pathogen-free growth chamber with a 12 h photoperiod under 24 • C daytime temperatures and 21 • C night temperatures. Data for this study were collected over a series of four experiments with the following treatments: non-pathogen-inoculated control (both Rye A agar plug inoculation and water control), late blight inoculation, early blight inoculation, and mixed late and early blight inoculation. Clonal lineage US-23 of P. infestans was used in all 4 experiments, with US-08 also used in two of the experiments.
Axenic, hyphal tip-derived P. infestans isolates were collected from naturally-infected commercial potato fields in 2017 from central Wisconsin. These samples were isolated, cleaned, and placed into long-term storage on sterilized hemp seeds [44] . This was done in order to avoid culturing the isolate more than twice prior to use in experimentation [45] . A long-term storage culture was placed onto Rye A agar plates and grown for three weeks at 18 • C to produce cultures for experimentation. All cultures were placed at room temperature for 24-48 h to induce sporulation prior to inoculation. A 5-mm agar plug was excised in areas with concentrated sporulation and inoculated, sporangia side down, onto the adaxial surface of the leaf. When used, an A. solani isolate was generated from an axenic, single conidiated culture generated from a commercial field infection in 2012. Pathogen was grown on clarified V8 agar media for two weeks under a photoperiod of 20 h light/4 h dark at 24 • C to encourage sporulation. Conidia were collected from two-week old cultures and the concentration of the conidia suspensions adjusted to 10 5 conidia/mL. Leaves were inoculated by spraying the conidia suspension on to the surface of leaves in a localized area consistently used across all treatments.
Phytophthora infestans infection was confirmed visually and with ELISA immunostrip assays for the genus Phytophthora (Agdia, Elkhart, IN, USA). Early blight was confirmed visually, and by microscopically confirming A. solani conidia by morphological corroboration. Twenty replicates were used per treatment. Disease was rated using a modified Horsfall-Barratt rating scale as 0-5, with 0 = no disease and 5 = severe disease for the respective pathogens at each time point a measurement was made [46, 47] .
Experimental Set-Up
A single walk-in growth chamber was used for all four experiments. Within the single chamber, four areas were divided into separate zones (henceforth referred to as humidity chambers) to maintain control plants without exposure to inoculum. After inoculation, plants were placed into high humidity chambers to ensure a conducive disease environment. The conditions of our study necessitated treatment isolation within a humidity chamber due to high potential for cross-contamination during measurement process, risk of inoculum spread, and need for equipment sterilization between treatments. Water control and agar control were not found to be significantly different (PERMANOVA, p-value > 0.05). We noted variable disease incidence between plug and spray inoculation for P. infestans, but equivalent severity progression (AUDPC, t-test, p-value > 0.05; Figure S1 ). Inoculation method was not found to have a significant effect between these data (PERMANOVA, p-value > 0.05). Therefore, plug inoculation was used for P. infestans treatments to ensure adequate disease development for study purposes.
Clearing and Staining
Tryphan blue staining was utilized to visualize and corroborate the pathogen lifecycle with our disease time assignment. Phytophthora infestans infection was monitored for four days. Samples were collected at each disease time stage: 24 h (early infection), 48 h (biotrophy), 72 h (necrotrophy), and 96 hrs (sporulation) post-inoculation. The same inoculation procedure was followed as outlined previously with 'Russet Burbank' plants to demonstrate the infection progression. A single leaf was inoculated per plant. At each disease time stage, plugs from a representative sample were removed and a 7-mm disc around the point of infection excised. Leaf discs were transferred to 10-mL beakers with lactophenol trypan blue (10 g phenol, 10 mL > 99% glycerol, 10 mL 85% lactic acid, 10 mL DI H 2 O, and 10 mg trypan blue). The beakers were then floated in a boiling water bath for 2 min, cooled to ambient room temperature, then boiled for another 2 min [48] . Leaf discs were rinsed and transferred to a 24 well plate and submerged in Visikol ® (Visikol Inc., Whitehouse Station, NJ, USA) to clear for 48 h [49] . Discs were mounted in Visikol ® and viewed under a Leica DMi1 inverted microscope.
Reflectance Measurements
Contact leaf reflectance was measured with two high-spectral-resolution SVC HR-1024i (350-2500 nm) field spectroradiometers (Spectra Vista Corporation, Schnectady, NY, USA). All measurements were taken from the leaf adaxial surface using a leaf-clip assembly attached to a plant probe with a halogen light source, using 99% spectralon as white reference (Labsphere, North Sutton, NH, USA). Treatments were randomized across spectrometer. Spectrometer did not have a significant effect on reflectance (PERMANOVA, p-value > 0.05). Reflectance was measured on two locally inoculated leaves per plant and averaged per leaf location. Measurements were taken directly above the inoculation zone, but not on top of the inoculation zone. Baseline measurements were taken immediately prior to inoculation, and then at 12-24 h intervals for the following 5-7 days, until necrosis progressed to the extent that leaves could no longer be measured. Between each treatment group spectrometers were sterilized to prevent inoculum transmission. At each time point images were taken with a Nikon digital camera.
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Data Preparation
We utilized reflectance measurements from 400 to 2400 nm, removing noisy bands at the shortest and longest wavelengths. Data were interpolated to 1 nm resolution from the native 3-8 nm resolution of the instrument following standard practice to standardize measurements across instruments over time [7, 10, 19, 50] . Bad measurements, such as those with low reflectance or abnormalities due to measurement error, were removed prior to data analysis [6, 10, 19, 51] . Inoculated samples that did not achieve a disease rating of 4 for their respective diseases or greater by the end of the study period were not included. A total of 2039 individual leaf spectral measurements were used in this analysis.
Disease time was defined [21] for statistical analyses as follows: late blight inoculated samples were labelled "early infection" at time points within 24 h of inoculation, "biotrophy" during measurement time points spanning 48 h until the last time point made before disease symptoms appeared, "necrotrophy" during timepoints after which disease symptoms had become visible but before sporulation occurred, and "sporulation" when both necrosis and sporulation were visible. Early blight inoculated samples were labelled "pre-symptomatic" prior to the appearance of visible symptoms, "light" if they had a disease rating of 1-2, "medium" if they had a disease rating of 3, and "heavy" if they had a disease rating of 4-5. For discrimination, medium and heavy were combined to enable robust analysis. Disease time was defined for control plants as the approximate range of time the majority of diseased-treated plants entered into the next infection progression stage. This was done so that the interaction of treatment, pathogen, and time could be estimated, while accounting for the fact that not all inoculated individuals progressed uniformly in infection and disease severity. This allowed us to separate spectral changes caused by plant response to measurement and handling from those of interest caused by infection.
Data Analysis
All analyses were conducted in the open source, statistical computing language R. The package vegan [52] was used to conduct calculate Euclidean distance and conduct principal coordinates analysis (PCoA) to visualize broad spectral differences between infection caused by the two diseases in comparison to control using spectral reflectance. PCoA uses a dissimilarity matrix calculated using Euclidean distance to transform a large number of possibly correlated predictor variables into a smaller number of uncorrelated latent variables, or principal coordinates, reducing the dimensionality of the data.
Partial least squares discriminant analysis (PLS-DA) was employed to classify treatments using the R packages caret and pls [53, 54] . PLS-DA is widely used non-parametric method to discriminate groups with independent variables with high dimensionality and collinearity, and commonly used for spectral analyses [7, 10, 19, 50] . PLS-DA projects latent vectors through the response and predictor variables to reduce data dimensionality and maximize prediction accuracy by generating components maximally correlated to differences in class [55] . PLS approaches do not directly provide parameter uncertainties, so the analyses were permuted (100 times) by dividing observations (70:30) into training (calibration) and testing (cross-validation) sets to estimate jack-knifed uncertainty. The number of correct testing classifications across 100 permutations and the resulting kappa statistic were used to evaluate the classification accuracy. PLS-DA has a tendency to over-fit models, making internal cross-validation essential [55] . The ideal number of latent vectors was identified by iteratively running the PLS-DA models with increasing numbers of components and examining the predicted residual error sum of squares (PRESS). The number of latent vectors with the lowest PRESS across all permutations was chosen. The absolute value of averaged standardized coefficients across 100 simulations were extracted and ranked to determine important regions of the spectra for classification. PLS-DA models were fit for testing control vs. late blight, control vs. early blight, late blight vs. early blight, and late blight vs. mixed inoculation across all time points as well as within the various stages of disease development. For PLS-DA, early blight diseased samples with a rating of "medium" were added into the "heavy" dataset to increase sample size in the analyses.
Normalized difference spectral indices (NDSI, Equation (1)) were generated for all possible combinations of wavelengths to identify regions of the spectrum most correlated (Pearson correlation) with a difference between healthy and infected classes. NDSIs were calculated across all disease times as well as within each stage. A 0/1 status indicator variable was correlated with each normalized index (~4 million combinations) using Pearson's correlation and plotted in a wavelength-vs-wavelength NDSI heat map to illustrate the areas with the greatest difference between infected and non-infected treatments. This can be interpreted as the wavelengths showing the most change with infection status and enables visualization of spectral shifts over the course of disease development relative to treatment. NDSIs were calculated for control vs. late blight, control vs. early blight, late blight vs. early blight, and late blight vs. mixed inoculation across all time points as well as within the various stages of disease development. The top 300 NDSIs that correlated most strongly with treatment status for each of these combinations of control vs. late blight and control vs. early blight were tabulated to identify the wavelengths most frequently associated with discrimination between treatments. Wavelength relative frequency by pathotype and developmental stage was plotted to visualize how disease progression affected reflectance.
Foliar nitrogen, total phenolics, sugar, starch, and leaf mass/area (LMA) were estimated from spectra using partial least squares regression (PLS-R) calibrations from Chlus et al. (submitted). PLS-R is a commonly used and well-established technique for estimating foliar chemistry from reflectance spectroscopy measurements [4] [5] [6] [7] 9, 10, 12] . Because these models were not specifically validated in our study, they must be considered as trait indices rather than true trait quantities, but yield important insights into the underlying physiological and biochemical drivers of spectral response nonetheless. Full PLS-R models and respective model evaluations can be found under the University of Wisconsin-Madison Environmental Spectroscopy (UW-ENSPEC) profile on EcoSML.org, an open-source repository of spectral mapping functions. LMA is an indicator of leaf dry-mass investment and relates to light interception and leaf longevity [56, 57] . The normalized differential water index (NDWI) was calculated using the relative difference in reflectance at wavelengths 857 nm and 1241 nm as an estimate of leaf water concentration [58] . These non-destructively derived indices were chosen to compare across diseased leaves to better understand how disease physiology relates to spectral differences. A two-way, repeated measures ANOVA was fit using a mixed effect model with maximum likelihood estimation method for each of the non-destructively sensed metrics with the R package nlme [59] . The R package emmeans was used to calculate interaction effects for treatment across time [60] . Treatment was fit as a fixed effect and disease time and sample identifier as random effects to account for the repeated measures nature of the experiment.
Results
Phytophthora infestans Life Cycle Can Be Accurately Characterized with our Disease Time Rating Scale
During early infection, there were no visible signs or symptoms at the macroscopic level ( Figure 1A) . At 100× magnification, the inoculation hyphael mass was clearly visible on the leaf surface during early infection ( Figure 1E ). At this stage there was no evidence of hyphae penetrating past the cuticle, but at 200× magnification sporangial germination was observed with the germ tube extending toward stomata ( Figure 1I ). During biotrophy, a very small area of clear water soaking could sometimes be seen directly underneath the inoculation plug, but necrosis was never present ( Figure 1B) . At 200× magnification hyphae were observed extending along the leaf surface and entering the leaf through stomata ( Figure 1F ). Hyphae were observed growing in the intercellular space of epidermal cells, and the first evidence of haustorial formation ( Figure 1J ). During necrotrophy, lesion development began Remote Sens. 2020, 12, 286 7 of 21 ( Figure 1C ). At this disease time point, the number of intercellular hyphae increased, haustoria were common, and aerial hyphae were observed emerging from stomata ( Figure 1G ,K). During sporulation, water soaking, necrotic lesion development, and sporulation were all clearly visible at the macroscopic level ( Figure 1D ). Extensive aerial hyphae and sporangia production were observed ( Figure 1H ). Aerial hyphae were easily traced back to the stomata from which they emerged ( Figure 1L ). Dense hyphae and sporangia made it difficult to observe intercellular activity. We concluded from this assessment that binning by disease development was appropriate due to the alignment of our rating scale with pathogen life cycle and would allow us to account for individual plant disease development.
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The PLS-DA model built for P. infestans and A. solani infection differentiation across all time points had an average cross-validation kappa of 0.83 and total accuracy of 91.8%. This indicates that respectively diseased leaves can be distinguished regardless of stage of disease progression ( Table 3 ). The top 1% of standardized coefficients in the PLS-DA model included wavelengths at the red edge (~690 nm),~1000 nm, and~1890 nm. The PLS-DA model (12 components) built for P. infestans and mixed P. infestans and A. solani infections ("mixed") differentiation across all time points had an average cross-validation kappa of 0.89 and total accuracy of 94.4%. Phytophthora infestans infection could be accurately differentiated from mixed infection regardless of disease progression ( Figure S6 ). The top 1% of standardized coefficients in the PLS-DA model included wavelengths at the red edge (~690 nm) and~1890 nm ( Figures S2D and S6) . Table 3 . Confusion matrices for PLS-DA internal cross-validation averages (from 100 permutations) differentiating potato late blight disease from early blight disease at all time points, pre-symptomatic time points, light infection, and heavy disease stages. Differentiation of the two pathogens is possible with greater than 90% accuracy at all time points studied.
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Plant Response to P. Infestans, A. solani, and Co-Inoculations Can Be Differentiated from Healthy Leaves Prior to Symptom Development with Spectroscopy
Phytophthora infestans infected leaves could be both accurately detected and differentiated from healthy leaves at all stages of infection progression with average cross-validation kappas greater than 0.6 ( Table 1) . Infected leaves could be detected pre-symptomatically during early infection (24 hpi) and biotrophy (36-72 hpi), with average cross-validation kappa statistics of 0.87 and 0.81, respectively. PLS-DA models for early infection indicated that wavelengths around 1000 nm, related to leaf internal structure, and~2400 nm, related to chemical changes, were the most important for detection ( Figure  S2A ). PLS-DA models for biotrophy indicated that wavelengths around~1000 nm and the two SWIR leaf water absorption features (~100 nm areas around 1400 and 1900 nm) were important for detection ( Figure S2B ). Early infection PLS-DA model performance ranged from poor to moderately good when applied to data from other infection stages, with average cross-validation kappas ranging from 0.38-0.61 ( Table 1 ). The PLS-DA model built for biotrophy performed poorly when applied to data from other infection stages, with average cross-validation kappa values ranging from 0.04 to 0.21 (Table 1) . At 24 h post inoculation (early infection), NDSIs across wide swaths of the spectrum strongly differentiated between healthy and diseased plants. Narrowband interactions of the SWIR were the most different between stages ( Figure 3B ). In contrast, as infection progressed to biotrophic growth, only specific narrowband regions showed significant discrimination between healthy and diseased plants, with NDSIs from the two water features being the most highly correlated ( Figure 3C) .
Alternaria solani infected leaves could be accurately detected and differentiated from healthy leaves at all stages of disease progression with kappa values greater than 0.9 ( Table 2) . Infected leaves could be detected pre-symptomatically with an average cross-validation kappa of 0.936 ( Table 2 ). The top 1% of standardized coefficients included NIR narrow bands around 990 nm and 1150 nm, as well as SWIR narrow bands~1380 nm and 1890 nm. These wavelengths are associated with leaf water and starch content and were strongly associated with infection ( Figures S2B and S4) . NDSIs including the VIS in combination with all other spectral regions showed a high degree of change between pre-symptomatic and healthy plants. Specific narrowband interactions of the SWIR and broad impacts across the NIR also differentiated healthy and A. solani infected leaves ( Figure 3G) .
Phytophthora infestans and A. solani infected leaves could be differentiated pre-symptomatically from each other with satisfactory accuracy. Pre-symptomatic A. solani infection could be differentiated from pre-symptomatic (early infection and biotrophy) P. infestans infection with an average cross-validation kappa of 0.78 and total accuracy of 91.3% ( Table 3 ). The top 1% of standardized coefficients included VIS, NIR, and SWIR narrow bands, potentially pointing to differences in chlorophyll absorption and leaf water. NDSIs utilizing the VIS and NIR correlated with late blight vs. early blight diseased leaves, as well as NDSIs across all regions of the spectra anchored by SWIR water bands. Narrow band NDSIs in the SWIR also correlated with leaf disease type ( Figure 3K ). This indicates an underlying difference in diseased leaf biochemistry and physiology between the two pathogens. Phytophthora infestans and mixed infected leaves could be differentiated from each other pre-symptomatically with an average cross-validation kappa of 0.78 and total accuracy of 91.3% (Table 3 ).
Spectral Profiles of Infected Leaves Corroborate Pathogen Biology
PLS-DA models were cross-tested against data from all other life stages and disease progression stages to relate leaf spectral profiles to underlying P. infestans and A. solani biology. Generally, P. infestans models performed best when applied to the life stage for which they had been built ( Table 1 ). The early infection PLS-DA model, kappa = 0.87, performed fairly well when cross-validated on data from all time points (kappa = 0.61) and biotrophy (kappa = 0.56), but less well when applied individually to the symptomatic disease time stages of necrotrophy (kappa = 0.42) and sporulation (kappa = 0.38). The PLS-DA model built for biotrophic growth performed very well on biotrophic data (kappa = 0.81), but very poorly when applied to all time points, early infection, necrotrophy, and sporulation (kappa range 0.04-0.21). The necrotrophy PLS-DA model performed less well when applied to data from all time points (kappa = 0.45), early infection (0.48), and moderately well when applied to sporulation (0.60). This model performed poorly when applied to biotrophic growth data (0.29). The model built for sporulation performed best when applied to necrotrophic data (0.73) and performed well when applied to sporulation data (0.64). This model performed moderately well when applied to data from all time points (0.54) but poorly when applied to the pre-symptomatic disease time stages of early infection (0.44) and biotrophy (0.41). In contrast, the PLS-DA model built for pre-symptomatic A. solani detection performed extremely well when applied to later stages of early blight disease progression with light and heavy cross-validation kappa values of 0.96 and 0.85 respectively ( Table 2) .
Visual examination of NDSIs show that important spectral regions for late blight detection shift and intensify in importance as infection progresses ( Figure 3B-E) , whereas important regions for early blight detection generally intensify within spectral regions already important at early stages ( Figure 3G-I) , which is why the pre-symptomatic models perform well on later stage data. Wavelengths used to make the top 300 most correlated NDSI across respective infections come from shifting regions of the NIR and SWIR as P. infestans progresses through its life stages ( Figure 4A ). During early infection, wavelengths in the NIR and a centralized peak around 2200 nm related most strongly to detection. During biotrophic growth, the most strongly related wavelengths occurred in two distinct peaks, the first centered around 1500 nm and the second around 2100 nm. During necrotrophic growth, regions around 1800-2000 nm exhibited the highest correlation. As infection progressed to sporulation, broad swaths of the NIR and SWIR corresponded to discrimination between infected and uninfected plants, with a peak around 1000 nm and a broad bimodal concentration in the SWIR. In contrast, the majority of the wavelengths yielding the most highly correlated NDSIs concentrated in two narrow peaks in the NIR around 1000 nm across all A. solani infection stages. Two peaks in the SWIR region between 2000-2400 nm, indicate that chemical changes occurred within infected leaves. This also appeared to be the most highly discriminatory region during light stages of disease progression ( Figure 4B ). and intensify in importance as infection progresses ( Figure 3B-E) , whereas important regions for early blight detection generally intensify within spectral regions already important at early stages ( Figure 3G-I) , which is why the pre-symptomatic models perform well on later stage data. Wavelengths used to make the top 300 most correlated NDSI across respective infections come from shifting regions of the NIR and SWIR as P. infestans progresses through its life stages ( Figure 4A ). During early infection, wavelengths in the NIR and a centralized peak around 2200 nm related most strongly to detection. During biotrophic growth, the most strongly related wavelengths occurred in two distinct peaks, the first centered around 1500 nm and the second around 2100 nm. During necrotrophic growth, regions around 1800-2000 nm exhibited the highest correlation. As infection progressed to sporulation, broad swaths of the NIR and SWIR corresponded to discrimination between infected and uninfected plants, with a peak around 1000 nm and a broad bimodal concentration in the SWIR. In contrast, the majority of the wavelengths yielding the most highly correlated NDSIs concentrated in two narrow peaks in the NIR around 1000 nm across all A. solani infection stages. Two peaks in the SWIR region between 2000-2400 nm, indicate that chemical changes occurred within infected leaves. This also appeared to be the most highly discriminatory region during light stages of disease progression ( Figure 4B ). 
Leaf level biochemical trait indices derived from PLS-R models from Chlus et al. (in preparation)
were applied to a subset of the spectral data not including mixed inoculation treatments (n = 1365) to test whether spectral variation associated with leaf biochemistry varied between late and early blight diseased plants across disease time ( Figure 5 ). Estimating these metrics non-destructively enabled us to follow the same cohort of leaves over time, in contrast to traditional chemical analyses requiring destructive sampling of leaf tissue. These PLS-R models should be considered trait indices rather than A B Leaf level biochemical trait indices derived from PLS-R models from Chlus et al. (in preparation) were applied to a subset of the spectral data not including mixed inoculation treatments (n = 1365) to test whether spectral variation associated with leaf biochemistry varied between late and early blight diseased plants across disease time ( Figure 5 ). Estimating these metrics non-destructively enabled us to follow the same cohort of leaves over time, in contrast to traditional chemical analyses requiring destructive sampling of leaf tissue. These PLS-R models should be considered trait indices rather than precise measurements because they were not validated on the leaves within this study. Late blight infection had a significant effect on total phenolics concentration, sugar concentration, nitrogen concentration, leaf mass per area (LMA), and NDWI, a measure of leaf water status (Table S1 ). There was a significant interaction effect of treatment and disease time on phenolics concentration, nitrogen concentration, and LMA (Table S1 ). In contrast, early blight treatment only had a significant effect on phenolics and NDWI, but the interaction term was significant for all quantified traits (Table S2) .
precise measurements because they were not validated on the leaves within this study. Late blight infection had a significant effect on total phenolics concentration, sugar concentration, nitrogen concentration, leaf mass per area (LMA), and NDWI, a measure of leaf water status (Table S1 ). There was a significant interaction effect of treatment and disease time on phenolics concentration, nitrogen concentration, and LMA (Table S1 ). In contrast, early blight treatment only had a significant effect on phenolics and NDWI, but the interaction term was significant for all quantified traits (Table S2 ). The consistent impact of pathogen biology was apparent through further examination of the pairwise differences between control leaves and diseased leaves at progressive stages. Foliar trait differences between early blight infected leaves and controls changed consistently over time, becoming greater at the latest disease stages. In contrast, the effects were more variable across the pathogen life cycle for late blight aligning with its hemibiotrophic lifestyle ( Figure 5 ). Nitrogen was only significantly different between P. infestans infected and control leaves during symptomatic stages ( Figure 5A(iv) ). Total phenolic concentration ( Figure 5A (i)) and LMA ( Figure 5A (v)) were only significantly different during the earliest disease time stage. NDWI was highly significantly different during early infection and necrotrophy, but not during biotrophy or sporulation ( Figure 5A(vi) ). In contrast, leaf sugar concentration followed the pattern seen in early blight traits, with differences between late blight infected leaves and control leaves growing as infection advanced ( Figure 5A(ii) ). Total phenolics was the only trait to show intra-disease time variation, with weakly significant differences between A. solani infected and control leaves during pre-symptomatic infection, none during light infection, and highly significant differences during heavy infection ( Figure 5B(i) ).
When late blight was binned according to early blight disease time and the two compared, a significant treatment effect was only seen for nitrogen and NDWI, though the interaction term was significant for all measured traits except nitrogen (Table S3 ). Total phenolics were only significantly different between late blight and control leaves during early infection ( Figure 5A(i) ). In contrast, total phenolics were highly significantly different between early blight and control leaves during the latest The consistent impact of pathogen biology was apparent through further examination of the pairwise differences between control leaves and diseased leaves at progressive stages. Foliar trait differences between early blight infected leaves and controls changed consistently over time, becoming greater at the latest disease stages. In contrast, the effects were more variable across the pathogen life cycle for late blight aligning with its hemibiotrophic lifestyle ( Figure 5 ). Nitrogen was only significantly different between P. infestans infected and control leaves during symptomatic stages ( Figure 5A(iv) ). Total phenolic concentration ( Figure 5A (i)) and LMA ( Figure 5A (v)) were only significantly different during the earliest disease time stage. NDWI was highly significantly different during early infection and necrotrophy, but not during biotrophy or sporulation ( Figure 5A(vi) ). In contrast, leaf sugar concentration followed the pattern seen in early blight traits, with differences between late blight infected leaves and control leaves growing as infection advanced ( Figure 5A (ii)). Total phenolics was the only trait to show intra-disease time variation, with weakly significant differences between A. solani infected and control leaves during pre-symptomatic infection, none during light infection, and highly significant differences during heavy infection ( Figure 5B(i) ).
When late blight was binned according to early blight disease time and the two compared, a significant treatment effect was only seen for nitrogen and NDWI, though the interaction term was significant for all measured traits except nitrogen (Table S3 ). Total phenolics were only significantly different between late blight and control leaves during early infection ( Figure 5A(i) ). In contrast, total phenolics were highly significantly different between early blight and control leaves during the latest disease time stage ( Figure 5B(i) ). Starch concentration, total phenolics concentration, and LMA were significantly different between late blight diseased and early blight diseased leaves only in a comparison of the latest disease time stages (heavy vs. sporulation). Sugar concentration was significantly different between the two symptomatic disease time stages (light vs. necrotrophy, heavy vs. sporulation). NDWI was significantly different between late blight diseased and early blight diseased leaves for both pre-symptomatic early blight and early infection late blight (but not biotrophy) and at the latest disease time stages. Nitrogen was significantly different between late blight diseased and early blight diseased leaves in a comparison of light early blight leaves and necrotrophy late blight leaves.
Discussion
Here, we demonstrate that leaf-level hyperspectral measurements and spectrally derived trait indices can be used to pre-symptomatically differentiate between two important potato diseases across all stages of infection and disease development. This work, conducted in controlled environments, is a critical first step in pursuit of eventual field-based, pre-symptomatic disease detection. We found that spectral patterns relate to both pathogen biology and the underlying biochemical and physiological changes resulting from infection. While spectral features that enable disease detection at the leaf level can differ from those at the canopy level [50] , this work lays the foundation for future use of full-spectrum in-situ and imaging spectroscopy systems as quantitative tools for pre-symptomatic disease detection and optimized management. This work additionally highlights the importance of careful consideration of underlying pathogen biology and resulting disease physiology for future crop disease remote sensing. Specifically, for some diseases, different spectral models may be needed to identify infection dependent on disease stage (e.g., late blight), whereas this may not be necessary for other pathogens (e.g., early blight).
Only recently have VSWIR hyperspectral systems demonstrated the capacity for asymptomatic and pre-symptomatic disease detection [19, [31] [32] [33] [34] [35] 42] . Historically, differentiation has been difficult due to the fact that symptomatic, necrotic tissue yields relatively consistent changes in leaf optical properties. Spectral reflectance sourced from a variety of scales has been used to monitor plant disease progression for over 30 years [61] [62] [63] . These historical works have shown that disease can effectively be detected at multiple deployment scales ranging from ground to satellite. Despite these successes, a consistent challenge remains to (1) reliably detect disease under varying environmental conditions, and (2) to differentiate disease from other potentially confounding biotic and abiotic stresses. For the discipline of remote sensing of crop disease to move beyond these challenges, care must be taken to relate unique disease physiology to spectrally derived data. This study represents an essential step in the remote sensing pipeline by providing proof of concept for use of contact spectroscopy in controlled environments, the "cleanest" and least noisy deployment level.
Understanding the underlying processes involved in early (both pre-symptomatic and early symptomatic) disease establishment is essential, as management actions taken during these stages are most likely to succeed [16] . Pre-symptomatic disease detection could trigger management responses such as targeted plant rogueing, or removal, to exclude infection before spore production and prescriptive application of semi-curative fungicides, responses that address both commercial organic and conventional production needs. This would represent a great advance for agroecosystem environmental sustainability, through more prescriptive and precise fungicide application, financial sustainability, through the reduction in unnecessary spending, and social sustainability, through a reduction in anxiety, tension, and negative social stigma due to the unpredictability and potentially devastating impact of plant disease.
To our knowledge, this work is the first to relate in-situ spectral reflectance to underlying pathogen biology through the lens of non-destructively sensed comparative disease physiology. Phytophthora infestans releases different suites of effectors as infection progresses, differentially affecting plant chemical composition at different stages of the infection cycle [64, 65] . Relating these spectral signatures to pathogen biology is an important step towards developing this approach as a functional disease management tool. This work, conducted at the leaf level in controlled environments, demonstrates the viability of using in-situ spectroscopy to understand basic biochemical and physiological disease processes and highlights the importance of considering underlying drivers of spectral responses to disease for future crop disease remote sensing studies. Future work validating and scaling up the results presented here to the canopy and field level will be critical to advance the broader goal of integrated disease management with imaging spectroscopy.
Trait estimation with in-situ and imaging spectroscopy has been extensively used to study ecosystem functional diversity [4, 7, 10, 12, 13, 66] . The application of this method to understand pathosystem function, the interaction of host, environment, and pathogen, is novel to both ecological remote sensing and phytopathology. In comparison to traditional methods that require destructive sampling, we can follow the same cohort of diseased leaves over time by using in-vivo spectroscopy to detect and quantify physiological and biochemical traits. The capacity to non-destructively monitor pathosystem biochemistry and physiology function with spectrally-derived plant physiology, biochemistry, and morphology metrics, first established by Arens et al. [18] and Couture et al. [19] , should be explored in future works to facilitate more accurate characterization of the precise impact pathogens impart on their hosts during the earliest infection stages.
Phenolics concentration may be an important differentiator of symptomatic late and early blight infections. Phenolics concentration differed significantly between late blight and early blight diseased leaves and controls, as well as between late blight and early blight diseased leaves during specific disease time stages. Kokaly and Skidmore [5] found significant absorption features for phenolics at both 1660 nm and 2140 nm. In our work, we found that wavelengths around 2100 nm differentiated between late blight and early blight diseased leaves (Figures 2 and 4 ). This gives evidence to the hypothesis that differences in phenolic concentrations may discriminate symptomatic late and early blight infections. Gold et al. found that phenolic concentration varied across cultivars and between healthy and diseased plants undergoing the early stages of late blight infection [22] . Future work addressing and quantifying specific phenolic and secondary metabolites associated with early infection could yield even greater detection accuracy across a wider variety of biotic and abiotic potato stressors. The PAL-1 gene encodes a lyase that controls the production of phenolics compounds and is differentially expressed during infection by different clonal lineages [37] . Various classes of secondary metabolite are differentially expressed as well, such as glycoalkaloids, steroidal terpenoids, and phenolic acids. These have been shown to be strong indicators of plant response to early P. infestans infection [67] . As well, A. solani produces a variety of toxins during infection that cause cell death and leaf chlorosis [30] . Specifically, quantifying toxins produced by A. solani during infection or metabolic compounds upregulated during infection using spectroscopy may be a way to increase the accuracy and specificity of spectral classification approaches.
Our PLS-DA models found SWIR wavelengths to be essential for accurate discrimination between healthy and diseased leaves and for discrimination between the two infections at all disease time stages. We speculate that spectral differences in the SWIR between late and early blight may be caused by a difference in underlying biochemical and physiological response to infection. Many of the wavelengths identified as important by our study are known to correspond to changes in biochemical constituents such as cellulose, water content, and phenolics [3, 5, 58] . Cellulose is an essential component of plant cell walls, and is compromised during both P. infestans and A. solani infections [30, 68] . Alternaria solani toxins are known to cause rapid and extreme damage to plant cell walls, occurring in as little as 1-3 h after first exposure [30] . In particular, wavelengths in the 1850-1900 nm range are known to be associated with leaf cellulose, starch, and water concentration and were frequently found in the top 20 PLS-DA standardized coefficients and within the most differentiating NDSIs. As a caveat, this spectral range is near to the specific region (~1900 nm) where the two SWIR sensors within the spectrometer stitch together, which may influence their reflectance values. But, supporting our inference here is the fact that other SWIR wavelengths (~1000 nm,~1380 nm,~2100 nm) known to be related to similar underlying physiological and biochemical processes were highly changed and important for accurate discrimination. Across many disease time points, SWIR leaf water absorption features (~1400 nm and~1800 nm) were among the most highly correlated with differences between all healthy and diseased leaves as well as between early blight and late blight (Figures 2, 4 and 5) . To scale this methodology to airborne or satellite remote sensing, an important area of future research must address whether wavelengths outside these regions (where atmospheric absorption prevents reliable measurements) are suitable for disease detection with imaging spectroscopy. This limitation may or may not affect overall detection and differentiation accuracy, but this issue will need to be explored to determine the applicability of this technology for in-field deployment.
Conclusions
The findings presented here represent proof of concept for rapid pre-and post-symptomatic detection and differentiation of two economically important foliar plant diseases. To move towards the goal of in-field disease differentiation, a greater number of isolates and pathovars with independent validation must be tested to confirm these initial findings. Importantly, these findings must be explored in a variety of cultivars, which has been shown to have a strong impact on early infection reflectance [22] . Despite the need for further validation, this work supports the future use of in-situ spectroscopy as an effective tool for plant disease detection and differentiation, and highlights the importance of careful consideration of underlying pathosystem biology and comparative disease physiology when seeking to detect and differentiate plant diseases.
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